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C ondition S ubject B lock 1 B lock 2 B lock 3 B lock 4
10° C 0.4556 0.5444 0.6444 0.5889

M 0.6556 0.6556 0.8778 0.6556

S 0.6444 0.7444 0.6778 0.7333

T 0.7000 0.6889 0.6667 0.6333

80° C 0.6000 0.7667 0.7667 0.7667

M 0.8111 0.8889 0.8778 0.9222

S 0.7222 0.9000 0.9444 0.8889

T 0.6889 0.7778 0.7111 0.7222

Significant for Condition: F(1,3) = 23.84,p<0.02

F 5, O 28 F 24, O 18

Condition 1   Narrow Range

F 5, O 90 F 24, O 01

Condition 2  Wide Range

Procedure
4 Human subjects were run in a within subject experiment in 
which they were asked to categorize Gabor patch images. 
Subjects were counterbalanced for both key bias and condition 
order and received 2 sessions of training in each condition. 

Condition 1 used orientation that varied by a range of 10 
degrees (narrow range) and condition 2 varied by 90 degrees 
(wide range).  Both conditions used the same distributions of 
frequency. 

Information Integration
Categorization required attendance to both dimensions in 
order to achieve high accuracy. Image generation was based 
on bivariate normal distributions of 2 dimensions: frequency 
and orientation. 

Human Performance
Humans have a long track record of categorizing multiple 
dimensions.  Maddox and his colleagues have used Gabor 
patches (sine wave gratings modulated by a circular Gaussian 
filter) in categorization tasks extensively.  The stimuli can vary 
in terms of orientation and frequency, and are used in category 
learning tasks in which subjects must integrate information from 
both dimensions to respond optimally.

Maddox typically uses a large number of subjects and 
compares the percentages of subjects for which a particular 
model provides the best description.  

The goals of the current study were:

•To test whether performance in an information integration task 
depended on the range (narrow vs wide) of a stimulus 
dimension

•To replicate previous findings using a small number of subjects 
        in a within subjects design, and provide subjects with more 
exposure to the conditions than in Maddox’ work.

•Fit various models of categorization to individual subject data, 
including a new model.
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Narrow Range
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Accuracy
Table 1 shows % correct for the last session in each of the 2 
conditions (Narrow 10°, Wide 80°)  Sessions were divided into 4 
blocks of 90 trials. Accuracy was significantly greater in the wide 
range condition (M = .7972) compared to the narrow  range 
condition (M = .6604), F(1,3) = 23.84, p < .02.

The graphs above to the right  also confirm the ANOVA results.  
Results were similar for all subjects indicating that the range of 
stimulus dimensions is relevant in a multi-dimensional task.
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Model Testing Results
Four models were tested for each subject using the last session 
of each condition.  

GLC, General Linear Classifier 

MinMax, (a new model developed by the authors)

UNI O, Unidimensional for Orientation

UNI F, Unidimensional for Frequency

The Akaike Information Criteria statistic was calculated for each 
of the models.  Yellow highlighted values indicate the lowest or 
best fit.

In Most cases (4 out of 8) the MinMax model fits the best.  The 
GLC fits best in 2 out of the 8 cases.  Also, only 2 of the 
unidimensional models fit best which is evidence that subjects 
attended to both dimensions of the stimuli in the majority of the 
trials.

Models
The GLC and the MinMax model make similar decision line predictions.  The 
difference is how each model makes its prediction.

The GLC is generally regarded as the best categorization model in multi-
dimensional tasks.  According to the GLC, stimuli are represented in a 
perceptual space and the subject effectively draws a ‘decision line’ in the 
space; the distance of each stimulus from the line determines the probability 
of making each category response. The result is shown in the graph below 
for one of the subjects.

The MinMax model uses a different strategy that fits the data better in most 
cases.  First critical values for each of the categories are determined.  Then 
each of the stimuli are compared with the critical value to calculate a 
percentage of similarity.  The comparisons are made independently for each 
dimension using a cumulative normal function, and combined by a 
multiplicative rule. In the example below, as the orientation of a stimulus 
increased and the frequency decreased the percentage of similarity to the 
lower or black category would increase.  The opposite is true for the upper or 
green category.

The UNI O and UNI F models are prototype models but are only based on 
one of the dimensions.  These models could be represented by a straight 
vertical line for UNI O or a horizontal line for UNI F.  The model then 
determines a critical value for either dimension based on the prototype and if 
the value is exceeded the model predicts either of the two categories.  It is 
interesting to note that for 2 of the 4 subjects in the narrow or 10° condition 
the UNI F model came close to having the best AIC value.  This indicates 
that in a large number of the trials these subjects only attended to one of the 
stimulus dimension (frequency).  
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Category A

Category B 

Condition Subject GLC MinMax UNI O UNI F
10° C 112.698 116.872 126.409 111.198

M 87.089 84.865 114.652 114.652
S 96.446 93.144 123.029 2668.063
T 106.715 127.384 124.250 100.023

80° C 97.887 96.079 123.859 104.271
M 65.740 66.142 134.104 103.566
S 75.803 72.454 157.231 119.691
T 100.023 106.183 204.797 130.949

Akaike Information Criterion  Values

GLC Decision Line
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